INTRODUCTION 1
which may prohibit or facilitate the use of a particular walkability index. Furthermore, it is useful 3 to investigate whether the association between a walkability index and walking behavior is similar 4 in a different region using different data, or whether this relationship diverges based on local 5 idiosyncrasies. 6 This paper aims to assess the transferability of the PIE with local data, while considering 7 trip purpose and length, as well as its contribution to the modelling of mode choice for short trips. 8 9 2. METHODS 10 2.1. Datasets 11
The Origin-Destination Survey 12
Conducted every five years, the Montréal Origin-Destination (OD) survey is a phone 13 interview-based travel survey that samples roughly 5 % of the households in the metropolitan area, 14 which amounts to more than 78,000 households. Participants are recruited through a random 15 sample based on landline and cell phone listings. Sample validation is carried out against census 16 data from the 2011 Canadian Census of Population. Such surveys have been conducted since the 17 early 1970s in theGMA. The survey method has evolved over time and relies on a rigorous 18 methodology to assure representativeness of population segments over space. The survey process 19 is supervised by a technical committee uniting the main transportation authorities in the region. In 20 the recent surveys, a computer-assisted telephone interviewing (CATI) tool is used during the 21 interview and performs real-time validation of the declared information. Two other tools assist the 22 survey conduct: one for the sampling management, namely the renewal of the sample and the 23 fulfillment of sampling strata, and one for the monitoring of the interviews with daily statistics on 24 duration, interviewers' performance, etc. The software tools are described in (Chapleau et al., 25 2001 ). Data validation is performed during the interview using reference datasets on the 26 transportation networks, addresses, intersections and trip generators, as well after the interviews 27 for consistency of individual trips and within household members. The sample is then weighted to 28 represent the reference population, as measured by the 2011 Census of Population. Specific details 29 of the procedure are not publicly available. However, more details can be found in the official OD 30 survey summary (Secrétariat à l'enquête Origine-Destination, 2013). 31
Analysis and models presented in this article are based on the 2013 survey dataset (version 32 13.2b), collected in the fall of 2013. The OD survey collects georeferenced information on each 33 trip carried out by all members of a household over four years old on the last business day before 34 the interview. Detailed information is collected about each trip: the location of its origin and 35 destination, its purpose, the time of departure as well as the mode sequence. The survey also 36 collects data relative to the households -namely their size and car ownership, as well as the home 37 location -and the individuals -their age, gender and work status as well as whether they possess 38 a driving license. 39 It is worth noting that in the OD dataset, walking is explicitly recorded only when it is the 40 only mode used between the origin and the destination of a trip. Pedestrian activity occurring as 41 part of a trip using another mode is not recorded as a walking trip. A trip where the individual 42 walks from their home to the bus stop, then takes the bus towards their destination stop and walks 43 from that stop to their workplace will be considered as a transit trip and will include no information 44 about the segments traveled on foot. This matches the definition of walk trips in the Portland 45 dataset originally used to develop the PIE. 46 A trip chaining binary variable was computed from the trip database using a methodology 1 developed by Valiquette (2010) . Trip chains are defined as the sequence of trips occurring between 2 the moment when individuals leave their home and the moment where they return (Primerano et 3 al., 2008) .The trip chaining variable classifies trips into two categories: simple trip chains (home 4 → activity 1 → home) and complex trip chains (home → activity 1 → … → activity n → home). 5
This makes it possible to take into account the constraints that can be imposed on modal choice 6 for a given trip by the requirements of previous or subsequent trips. 7
A shortest path distance between all origins and destinations was also computed using the 8 OSRM calculator (Luxen and Vetter, 2011) . Trip data for which the production was located in the 9 GMA were extracted from the database, for a total of 356,503 recorded trips. The datasets are structured and validated according to the GTFS specification (Google, 2016 Tool, a GIS-based planning tool (Oregon Metro). The variables are: 8
• Comfortable facilities 9
• Block size 10
• People per km² (population + employment) 11
• Sidewalk density 12
• Transit access 13
• Urban Living Infrastructure (amenities) 14
The PIE thus includes measures of density, diversity and design, as well as transit supply 15 and accessibility to destinations, covering the 5 D's of urban form (Ewing and Cervero, 2010 
Kernel density 3
In order to represent the decreasing attractivity of opportunities in the neighborhood as 4 the distance increases from the measurement point, a kernel density algorithm is used to compute 5 the variables. The decay function used is a quartic function, as shown in Figure 2 , with the centroid 6 of the PAZ used as the measurement point. earlier -is supplied to the Kernel Density algorithm included in the SAGA 2.1.2 Toolbox in QGIS 13 2.10.1. For polygon layers, object centroids are used as inputs for the kernel density algorithm. 14 Each point is given a weight based on the variable value, as shown in Table 2 . 15 16 n/a n/a n/a n/a n/a Indeed, over 90 % of walk trips occur when the network distance between origin and destination 4 is shorter than 3 km (1.86 mi). As shown in Figure 3 , walking is preponderant for trips shorter than 5 700 m (0.43 mi) and is chosen for over 75 % of very short trips of less than 300 m (0.19 mi). As 6 trips get longer, the modal share of motorized modes increases rapidly. Precision of mode choice 7 prediction models would then increase, but this would only be due to the growing number of 8 negative observations (i.e. non-walking trips). Four subsamples are thus extracted, based on the 9 maximum network length of the trip: A look at the spatial distribution of the modal share of walking in the GMA, as depicted in Figure  18 4, shows that the location of the production end of the trip has an impact on the choice of walking 19 for short trips of less than 3 km. The modal share of walking reaches 60 % in parts of the 20 Downtown region (#1) and stays over 50 % in the denser central neighborhoods of the Central 21 Montréal region (#2). had the lowest weight in Portland, whereas it obtains the second highest weight in the GMA. This 10 can be explained by the very nature of the variable computation: the original measure used a 11 classification of the road network relative to its comfort for cyclists, whereas the current 12 implementation uses a simple road hierarchy classification. 13 Results from the modelling process based on trip distance subsets are shown in Table 5.  2 All control variables are statistically significant, with the exception of smaller household size for 3 shorter trips. Network length of the trip has the highest correlation with the choice of walking, a 4 correlation that increases as longer trips are introduced in the mode choice model. 5
Inclusion of the PIE seems to slightly attenuate this correlation. Models that include the 6 PIE also see a reduced correlation of the location of the household residence, which is coherent 7 with the existence of high-PIE areas closer to downtown and low-PIE areas in the suburban zones 8 of the GMA. 9 10 As for the PIE itself, it is significantly correlated with the choice of walking for short 1 trips. In every model, the PIE's odds ratio is between 1.02 and 1.03, which indicates that an 2 improvement of 1 in the PIE score (on its native scale of 20 to 100) is correlated with an increase 3 of the odds of choosing walking by 2 to 3 %. While the effect seems minimal, this is due to the 4 measure's native scale, where a 1-unit increase represent a small change that might not be 5 perceived by an individual. A 10-unit increase, on the other hand, has been identified as a 6 perceivable step: low-density suburban neighborhoods to suburban shopping districts, for example 7 (Singleton et al., 2014) . Given the logit model's linear-in-parameters specification and using the 8 predictor's coefficient , one can compute the odds ratio for an increase from to ′ in a 9 continuous predictor: 10
Using the coefficients for the largest subset (trips of 3 km or less), a 10-unit increase 12 represents an increase of roughly 30% ( 10 ) in the odds of walking, when holding all control 13 variables constant. 14 Including the PIE in mode choice models also helps model fit as well as mode choice prediction 4
accuracy. 5 Table 7 shows that McFadden's R² increases and AIC decreases when compared to the base 1 model, indicating a better model fit. 2 Table 7 also shows statistics from the validation step. Adding the PIE to the mode choice 1 model increases not only global accuracy, but sensitivity (true positive rate) and specificity (true 2 negative rate) as well, albeit slightly. The models' Kappa statistic increases as well with the PIE, 3
indicating that the agreement between the observed values and the predicted ones is less likely to 4 be attributable to chance. The Kappa statistics are still in the lower range, with none over 0.4. 5 6 3.4. Mode choice models -stratified by trip purpose 7 8 Table 7 shows the odds ratios from the purpose-specific models. All models include the 1 PIE and are based on the smallest trip subset (<1.3 km trip distance). Car access and trip distance 2 have a consistent high correlation with walking behavior across trip purposes, just like in the 3 previous models. Odds ratios for the PIE vary from 1.02 for school trips to 1.05 for leisure trips. 4 This suggests that school trips are less elastic than other trips as far as the PIE is concerned, as 5 shown in Figure 7 . 6 Model results are consistent with findings in the original PIE application in the Portland 7 area. The 1.04 odds ratio of the PIE for work trips in the GMA is the same as the odds ratio for 8
home-based work trips in Portland (Clifton et al., 2013 ). 9 10 11 In short, the process described in the Methods section of this paper can be used to create 30 a PIE dataset for use in other metropolitan areas beyond Portland and Montréal. This is an 31 important methodological step towards the wider use of the PIE in walkability research. 32 33
Transferability 34
Once the PIE has been transferred to the GMA, its association with walking behavior is 35 significant and appears roughly similar across space. The PIE was found to be significantly and 36 positively correlated to the choice of walking for short trips of less than 3 km (1.86 mi) and for 37 shorter distance subsets. Analyses on samples segmented by trip purpose showed that the PIE was 38 more strongly correlated to the choice of walking for work, leisure or shopping in very short trips. 39 This highlights the importance of the relationship between the urban form and mode choice for 40 unconstrained trips, but also for the more constrained commuting trips. 41
Purpose-based modelling also enabled a comparison between the correlations found in 42 Portland and in Montréal between the PIE and walking behavior. This comparison shows that the 43 PIE's ability to represent the walking environment is constant in two different metropolitan areas 44 of different size and with distinct mobility patterns. Although more research is needed, this finding 45 suggests that people's behavioral sensitivity to pedestrian-relevant aspects of the urban form may 46 be more universal (at least in a North American context) than region-specific. This is an important 1 empirical finding that should be examined in other urban areas. 2 3 4.3. Limitations 4 Some limitations to this paper must be mentioned. First, the use of cross-sectional datasets 5 means that no conclusions can be drawn as to the causality between the structure urban 6 environment, as represented by the PIE, and the choice to walk for short trips. Moreover, the link 7 between walking behavior and the urban environment could be moderated by residential self-8 selection, or the tendency of individuals to choose walkable neighborhoods based on their 9 wmobility preferences, which is not accounted for in this paper. As for the computation of the PIE 10 itself, a variable from the original formulation had to be omitted in order to apply the measure at a 11 metropolitan scale. This might weaken the measure's capacity to represent walkability in a 12 modelling context. Further research should be carried out in areas where relevant data is available 13 so that the effect of the absence of this variable can be assessed. walking behavior for short trips in the Greater Montréal Area (GMA). This specific measure was 26 chosen for its comprehensive use of six different neighborhood variables, five of which were 27 operationalized at the GMA scale, as well as its conceptual strengths: the use of a decay function 28 and modelling-based weighing, as well as its grid-based normalization approach. 29 The PIE's transfer to the GMA seems to confirm the measure's potential to help 30 understand walking behavior in different urban and suburban contexts. The measure's correlation 31 with walking behavior was unaffected by the use of new datasets and its implementation in a larger 32 metropolitan area. Conceptually more complete than other measures, the PIE thus appears to be a 33 transferrable and useful tool for measuring the association of the urban form with active travel 34 behavior in the GMA and potentially other areas. This offers planners and practitioners a 35 comprehensive measure that is conceptually rich to evaluate the walkability of urban and suburban 36 environments at a metropolitan scale. 37 Ongoing research efforts focus on the development of an analysis framework to assess 38 the transferability of other walkability measures such as those presented in the background section 39 of this paper. Current research also seeks to examine the influence of each index's parameters -40 decay functions, search radius, grid cell size and the like -on their explanatory power. For example, 41 the PIE's weights might differ slightly by trip purpose. The same goes for internal weighing of the 42 different variables, since it is determined by a modelling process. Other walkability indices are 43 also transferred to the GMA in order to compare the performance of the PIE to that of existing 44 measures. In addition, the issue of residential self-selection should be addressed in future research 45 efforts. 46
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